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Abstract
With platforms such as YouNow, Periscope and
Ustream, a new type of social networking services
(SNSs) became popular, namely general social live
streaming services (SLSSs). SLSSs combine Live-TV
and social media, leading to video-based social
computing. In the empi rical part of the paper, we are
going to answer three research questions: (1) What
are the motivations of the streamers? (2) Is there a
relation between motivations and streamed contents?
(3) Do gender-specific and generational differences
in motivation exist? As research methods, we worked
with the systematic observations and content analysis
of live online videos (N = 7,667).

1. Introduction
Social live streaming services (SLSSs) such as
Periscope 1, Ustream 2, YouNow 3, Facebook Live 4,
niconico 5 (in Japan), QQ 6, Panda 7 (both in China) or
– for broadcasting e-sports resp. drawing – Twitch 8
and Picarto 9 (Table 1) are social media, which
combine Live Streaming with elements of Social
Networking Services (SNSs) including a backchannel
from the viewer to the streamer and among the
viewers. SLSSs allow their users to broadcast their
online videos to everyone who wants to watch, all
over the world. The streamers film either with the
camera of a mobile phone or with the aid of a
webcam. The viewers are able to search for ongoing
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streams (1) with streaming locations on a world map
(as offered by Periscope) or with hashtags (as pull
services) and (2) as the streamers distribute
information on their upcoming streams to potential
viewers via the SLSS and multiple other social media
channels (as a push service).
Table 1. Global and country-specific ranks of
SLSS websites
Rank in Top
SLSS
Global Rank
Country
YouTube*
2
U.S.: 2
Facebook**
3
U.S.: 4
QQ**
8
CN: 2
Twitch
33
U.S.: 14
niconico*
110
JP: 9
Bilibili
212
CN: 32
Panda
1,751
CN: 117
Periscope
2,916
U.S.: 1,620
YY**
4,234
CN: 474
Long Zhu
6,413
CN: 662
Ustream
8,470
U.S.: 4,675
Qiuxiu (x.pps.tv)
8,684
CN: 1,137
YouNow
9,125
U.S.: 7,037
Kuaishou**
10,267
CN: 1,400
Picarto
10,660
U.S.: 3,911
Data source: Alexa (as of June 11, 2018); *: SLSS
and video sharing; **: SLSS and asynchronous
Social Networking Service

SLSSs are not only one of the latest social media;
research on SLSSs is on its infancy. One of the first
services was launched in 2007, namely
Livestream.com 10. Therefore, this research topic is
only expanding since the last few years. There is a
practical guide to create live streams [1]. SLSSs find
application in private contexts [2], but also in serious
environments, e.g. in teaching neurosurgery [3] or
economics [4]. There are first thoughts on applying
10
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SLSSs in marketing [5]. These services see also use
in live broadcasting sports events; however, there are
massive legal problems [6]. Authors have discussed
legal and ethical implications of SLSSs [7-9], while
others focus on privacy [10]. If we differentiate
between topic-specific SLSSs (as Twitch or Picarto)
and general SLSSs (without any thematic limitation)
[2], we are able to identify some scientific studies on
specific SLSSs, especially Twitch [e.g., 11-16], and a
few on general SLSSs, especially on Periscope,
YouNow and Ustream [2, 17-26]. Studies found that
general live streaming was appreciated for its
authentic, unstrained, and interactive attributes [17]
as well as for its role for sharing breaking news [18].
Membership, emotional connection, and influence
of the users’ sense of virtual community in live
streaming affect the purchase intention on of the
users on SLSSs [27]. Concerning the gender of the
streamers, a study showed that there are significant
differences based on whether a viewer of a live
broadcast is watching the same or different gender
and whether someone wants to interact with the livevideo content [28].
Chen and Lin [29] investigated the aspects of
entertainment and social interaction and their
relationship with attitude, perceived value and
watching intention to understand the influential
factors and channels that induce the audience to
watch live streaming events. Zhao et al. [30] studied
Twitch streamers’ motives in accordance with the
self-determination theory.
However, we miss studies which investigate
SLSSs’ users’ motivations to stream, their gender and
age, and the content of the streams. The aim of this
article is to close those research gaps.
Why do users apply an SLSS and produce
content? Based on the Uses and Gratifications
approach of Blumler and Katz [31], the use of media
is guided by the fulfillment of certain needs and the
search for reward and satisfaction of expectations.
McQuail [32] has summarized four central motives
for the use of media, namely entertainment,
information, self-presentation, and social interaction.
According to further research about user behavior on
SLSSs [33] we should talk about self-presentation
instead of self-realization. Furthermore, users on
SNSs may be divided into three different groups –
producers, consumers as well as participants, whereas
each group is driven by different motives [34].
Following Shao [34], the motives of consumers are
information and entertainment. For participants,
additionally, it is social interaction and finally, for
producers – the group this investigation is about – all
four motives apply [33,35].

In the empirical part of the paper, we turn to
general SLSSs (YouNow, Periscope, and Ustream)
and are going to answer three research questions:
RQ1: What are the motivations of the streamers?
RQ2: Are there differences in user-generated
content between users driven by different
motivations to stream?
RQ3: Are there any gender-specific or
generation-al-dependent differences in streamers’
motivations?

2. Methods
Apart from surveys, interviews, and experiments
in controlled situations, we are able to use two
different sources for data gathering on SLSSs,
namely log-files of the information systems, and
systematic observations of the online videos. As logfiles’ data are not very meaningful (it is impossible to
get data on users’ motives and streams’ content) we
can only use this source for some basic data as, for
instance, for describing some user characteristics
(e.g., country of dial-up) and interaction data (e.g.,
time on the SLSS) [36]. We realized systematic
observations of the live streams. The analysis of logfiles is not sufficient for analyzing the content of a
stream and therefore a content analysis was chosen to
gain insight into the produced content on SLSSs. The
information converted from the content is valuable
for businesses, since social media is considered as a
marketing platform [37]. Analyzing the motives of
generations and genders is crucial since people use
social media differently depending on their age and
gender. Studies show that generations as well as male
and female users have different motivations to apply
social media [38,39], so the research should be
expanded on to SLSSs as well. Since the users
exhibit different motives, the investigation on what
motives they explicitly have to use SLSSs should be
conducted as well.
For our investigation, a team of researchers
assessed, evaluated and compared SLSSs’ users’
streaming behavior as well as the content of a stream
and motives of a streamer to produce a live stream
[9,19]. Each stream was chosen at random on the
platform’s homepage by the researcher. No stream
was favored over another and no personal preferences
influenced the randomization process. The empirical
procedure of content analysis [37,40,41] was
implemented as follows. A codebook was developed.
Two different approaches [42] were applied to get the
content categories as well as motives and to ensure a
qualitative content analysis with a high reliability.
First, the deductive approach was implemented with
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assorted literature on social media to get guidance for
the research categories (see [19]). Additionally, the
inductive approach via observation of live streams on
the investigated three general SLSSs (YouNow,
Periscope, and Ustream) was used to get a general
idea on what people stream about (content
categories), likewise the streamers were asked about
their motives via the chat system of the service to get
a first insight on this (motive categories). The
categories and their responding sub-categories that
resulted from this approach are:
Content. For the content of the stream, a tally
chart was made. The different kinds of streaming
content were: to chat; make music; share information;
news; fitness; sport event; gaming; animals;
entertainment media; spirituality; draw/paint a
picture; 24/7; science, technology, and medicine
(STM); comedy; advertisement; nothing; slice of life;
politics; nature; food; business information; others.
Motivation. A tally chart was used for the motives
of the streamer, which were: boredom, fun, hobby, to
reach a specific group, exchange of views,
socializing, loneliness, relationship management,
need to communicate, need to belong, selfimprovement, self-expression, sense of mission, to
become a celebrity, to make money, trolling. „No
comment” was marked if the streamer did not state a
motivation or no person could be reached via chat,
for example if an animal was shown or a 24/7 stream
(e.g. from a webcam) was broadcasted.
Norm entries were used for the formalities. Those
were: gender (male, female, group, other); age of the
streamer.
The data of the three general SLSSs (YouNow,
Periscope, and Ustream) were collected from three
different countries, namely Germany, Japan, and the
United States of America. To ensure that the streams
originated from those countries the declaration of the
country for a broadcast on each platform was
checked for every stream. Additionally, the data
collectors had the required language skills for those
countries. Twelve research teams consisting of two
persons per team were formed. The teams were
evenly distributed between the three countries. Every
coder received a spread sheet and coded the data in it
when any of the investigated aspects was applicable
to the stream. For collecting the data, the ‘four eyes
principle,’ or two-man rule was applied, which means
that each stream was observed simultaneously but
independently by two people for two to a maximum
of ten minutes. This time span was chosen because
we felt that it was sufficient enough for our purpose
to gain understanding what the stream is about. The
two observers communicated in order to guarantee a
100 percent intercoder agreement, which sometimes

resulted in discussions, but a consensus could always
be reached. Usually, the streams were observed in
two phases. First, the stream was watched, and the
data were collected. In phase two, if some aspects
were not clear, for example the motivation of the
streamer, the streamer was asked via the chat system
of the service. In the end, a data set of a total of 7,667
different streams in a time span of four weeks, from
April 26 to May 24, 2016, was collected.

2.1 Statistical Procedure
Former studies matched the selected motives with the
Uses and Gratifications theory and our proposed
model (information, entertainment, self-presentation,
social interaction) [26], but without any statistical
foundation. Now we are interested to see if our
proposed motives can be clustered into groups and
matched with the Uses and Gratifications theory. To
answer RQ1, we want to identify homogenous groups
of variables and to this end conducted an
interdependence analysis. To do so we chose the
hierarchical cluster method. This approach is
agglomerative, which means that each object is in a
cluster by its own at first and later, two objects are
merged as a new cluster, resulting in one big cluster
consisting of all objects. Since our variables are
binary coded we chose the complete-linkage
algorithm, or farthest neighbor clustering:

D( X , Y ) = max d ( x, y ).
x∈X , y∈Y

(1)

d(x,y) is the distance between elements x∈X and y∈Y,
and X and Y are two sets of elements or clusters. We
wanted to avoid forcing elements together just
because single elements are close to each other, even
though the other elements in each cluster may be
distant to each other and refrained from using the
single-linkage method. Our aim was to find very
homogenous groups and thus chose the completelinkage algorithm [43].
To calculate the similarity matrix, the Jaccard
similarity coefficient, J, was used [44]:

J=

M 11
.
M 01 + M 10 − M 11

(2)

M11 is the number of attributes were two objects have
a value of 1, M01 is the number of attributes were the
first object has a value of 1 and the other of 0, M10 is
the number of attributes were the first object has a
value of 0 and the other a value of 1. The coefficient
weighs the presence of the attribute as more
important than as its non-presence, making it
adequate for our investigation, since we want to

Page 2540

group our variables based on the presence of the
attribute, i.e. the motive of the streamer.
To investigate if the cluster has any reliability and
internal consistency we used Cronbach’s alpha, more
precisely Kuder-Richardson-20 (KR20), since the
variables are dichotomous:

ρ KR 20

k

k  ∑ j =1 p j q j
1−
=
k − 1 
σ2




.


(3)

k means the number of questions, pj is the number of
streamers answering with yes concerning a motive, qj
were answered with no, σ2 is the variance of the total
scores of all streamers that were observed. The range
lies between 0 and 1, with a high value indicating
reliability, but a value over .90 indicating a
homogenous test [45].
A descriptive approach was used to answer RQ2
and RQ3, here, for the genders, generations and
content categories, the percentage distribution for the
four motives was calculated.

3. Results
3.1. Demographics of SLSSs’ users
In our study (observation of streams; N = 4,548
streams with single broadcasters), we identified 61.2
percent male broadcasters and 38.8 percent females.
The results from Tang, Venial and Inkpen [17, p.
4774] and Alexa confirm this distribution.
Following the results of researches on
generational cohorts of social media users [46,47],
there is the Silent Generation (born between 1925
and 1945), the Baby Boomers (1946 – 1960),
Generation X (1961 – 1980), Generation Y (1981 –
1999) and Generation Z (born after 2000). Whereas
more than half of all YouNow streamers of our
second study belong to the youngest generation Z,
just 4 percent of Ustream users belong to this group.
Instead, about one quarter of all Ustream users are
among the oldest generations (combined Silent
Generation and Baby Boomers). Additionally,
Ustream is applied mostly by Generation X.
Periscope is mostly used by Generation Y. Here we
have a clear result: There is no single pattern of
generational cohorts using SLSSs; instead, the cohort
distribution depends strongly on the specific service:
YouNow has the youngest users (mostly Generation
Z, some Generation Y); Periscope is used by young
adults (mostly Generation Y, some Generation Z and
some Generation X); finally, Ustream has the oldest
users (Generation X, some Generation Y, some Silent
Generation and Baby Boomers).

3.2. Motivations of the streamers (RQ1)
First, the results of our cluster analysis are discussed.
To visualize the arrangement of the clusters, a
dendrogram was calculated. The dendrogram shows
clusters of compounds according to how strongly
correlated the compounds are.
Following the
dendrogram, we split the cluster into four different
groups:
• Group 1: need to communicate, exchange of
views, relationship management, reaching a
specific group, sense of mission;
• Group 2: hobby, fun, self-expression, becoming
a celebrity, self-improvement, making money;
• Group 3: boredom, socializing, needing to
belong, loneliness;
• Group 4: trolling.
When calculating the reliability score for all
motives with the KR20 formula, we get a value of
.544, indicating a weakly reasonable reliability
concerning the consistency of the stated motives [48].
The value implies that the grouping of the motives in
four categories is sensible, but that people, in this
case streamers, are diverse in their motives. For
example, someone who streams out of boredom does
not necessarily do it because he is seeking social
interactions.
Our theoretical model proposes four different
main motives, which are entertainment, social
interaction, self-presentation, and information. Each
cluster that was calculated represents one of these
main motives.
Group 1 corresponds with information, since all
aspects of it are concerned with either attaining
(relationship management) or distributing (sense of
mission, reaching a specific group) information, or
both (need to communicate, exchange of views).
Group 2 is concerned with self-presentation. Here we
find people who want to express themselves, with a
hobby or just by having fun. By becoming a celebrity
and making money, this is the ideal way to present
oneself. In Group 3 we find the streamers who yearn
for social interaction, but also entertainment, they
want to belong, and mask their loneliness and
boredom. Group 4 is a special kind of users; they are
the trolls.
Concerning the central motivations, group
3/social interaction (34.6 percent) is represented the
most on SLSSs (Table 2), followed by group 2/selfpresentation (33.4 percent), group 1/information
(30.3 percent) and, at the last place, the trolls (1.7
percent). When we take a closer look at the motives,
many streamers are motivated by boredom (48.7
percent) and socializing (36.5 percent) and use
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SLSSs to satisfy their need for social interactions.
Concerning self-presentation, streamers prefer to use
SLSSs for fun (28.9 percent) and as their hobby (18.9
percent) rather than more serious motives like
making money (13.4 percent) or self-improvement
(6.9 percent).
Table 2. Streamers’ motives on SLSSs
Motive
Relative Frequency
Social Interaction
34.6 %
--- Boredom
48.7 %
--- Socializing
36.5 %
--- Need to Belong
9.3 %
--- Loneliness
5.4 %
Self-Presentation
33.4 %
--- Fun
28.9 %
--- Self-expression
23.6 %
--- Hobby
18.9 %
--- Making Money
13.4 %
--- Becoming a Celebrity
8.4 %
--- Self improvement
6.9 %
Information
30.3 %
--- Reaching a Group
34.4 %
--- Need to Communicate
33.2 %
--- Exchange of Views
14.8 %
--- Sense of Mission
9.8 %
--- Relationship Manag.
8.0 %
Trolling
1.7 %
--- Trolling
100.0%
Streams on YouNow, Periscope and Ustream from
the U.S., Japan and Germany; in some cases
multiple assignments; N = 7,667.

When attaining or receiving information is the
focus of the streamers, most of them want to reach a
group of people (34.4 percent). Others want to have a
conversation on a topic (14.8 percent). Last, we find
the trolls as a tiny minority on SLSSs (1.7 percent).

3.3. Central motivations and content (RQ2)
What content do the streamers produce on
SLSSs? Looking at Table 3, we see that chatting (on
diverse topics) is the main content category. 44.0
percent of all observed streams exhibit such action.
This seems to be a stable result since Tang, Veniola
and Inkpen [17, p. 4773] arrive at the same
conclusion. Sharing information (of diverse topics),
24/7 (i.e., webcams), slice of life, and playing
entertainment media are further frequently identified
content categories. About 12 percent of all streams
exhibit – nothing; no streamer available, and no
action, just a silent and empty space.

The majority of the streams in the mentioned top
six content categories requires only a minimum of
cognitive effort [49].
Table 3. Content categories on SLSSs
Content
Relative Frequency
Chatting
44.0 %
Share information
17.2 %
24/7
15.1 %
Slice of life
14.3 %
Nothing
12.3 %
Entertainment media
11.7 %
Make music
9.6 %
Animals
6.7 %
Nature
5.5 %
Gaming
5.5 %
Sports
3.9 %
News
3.4 %
Spirituality
3.1 %
Advertising
2.9 %
Food
2.3 %
Comedy
1.5 %
Fitness
1.4 %
Politics
1.4 %
Business information
1.4 %
STM
0.9 %
Draw/Paint a picture
0.8 %
Streams on YouNow, Periscope and Ustream from
the U.S., Japan and Germany; in some cases
multiple assignments; N = 7,667

In all other content categories, the streamer’s
cognitive effort is much higher. To make music (9.6
percent) presupposes that one can play an instrument;
to talk about sports, politics, business or science,
technology and medicine (STM) presumes some
background in the knowledge domain. The news
category underlines the importance of SLSSs in
sharing breaking news [18].
However, in some content areas, of e.g. e-Sports
and painting, with Twitch [13-16,30,41] and Picarto
there are specialized SLSSs, which found their expert
audience.
Up to today, there are very few studies on the
interrelationships between motivations and usergenerated content. The following Tables 4-7 show
the top 10 content categories of streams divided by
central motivation of the respective streamer (social
interaction, self-presentation, information, and
trolling).
Table 4 presents the top content categories for
streamers motivated by social interaction. The
streamers display a high number of streams where
they just chat with the viewer (77.5 percent).
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Table 4. Top content categories of streamers
motivated by social interaction
Content │Social Interaction
Relative Freq.
1. Chatting
77.5%
2. Share Information
22.3%
3. Slice of Life
18.5%
4. Nothing
13.9%
5. Entertainment Media
9.0%
6. Make Music
7.7%
7. Food
3.4%
8. 24/7
3.4%
9. Gaming
2.9%
10. Advertising
2.2%
N=2,650

With an occurrence that is a lot lower, we find
sharing information (22.3 percent) and sharing the
streamer’s every-day life (18.5 percent). Streams on
gaming (5.5 percent) and on drawing a picture (0.8
percent) are scarce on YouNow, Periscope, and
Ustream.
Table 5. Top content categories of streamers
motivated by self-presentation
Content │Self-Presentation
Relative Freq.
1. Chatting
55.0%
2. Share Information
22.5%
3. Entertainment Media
16.7%
4. Make Music
16.0%
5. Slice of Life
15.2%
6. Nothing
7.5%
7. 24/7
7.2%
8. Gaming
6.9%
9. Sports
4.7%
10. Advertising
4.6%
N = 2,560

Table 6. Top content categories of streamers
motivated by information
Content │Information
Relative Freq.
1. Chatting
44.2%
2. Share Information
31.2%
3. Entertainment Media
14.3%
4. 24/7
14.2%
5. Slice of Life
13.3%
6. Make Music
9.9%
7. Nothing
9.1%
8. Animals
7.4%
9. Spirituality
6.9%
10. News
6.8%
N=2,322

Table 7 shows the last main motivation category,
namely “trolling.” If the streamers want to troll their
viewers, they do so by chatting (52.3 percent), or
displaying nothing (44.2 percent). We also find
entertainment media (19.8 percent) and in contrast to
the other motivations, streams containing comedic
content (18.6 percent).
Table 7. Top content categories of streamers
motivated by trolling
Content │Trolling
Relative Freq.
1. Chatting
52.3%
2. Nothing
44.2%
3. Share Information
22.1%
4. Entertainment Media
19.8%
5. Comedy
18.6%
6. 24/7
17.4%
7. Slice of Life
12.8%
8. Make Music
8.1%
9. Advertising
7.0%
10. Food
5.8%
N=86

The top content categories of streamers motivated
by self-presentation are presented in Table 5. Here,
contrary to the distribution among the social
interaction group, we find entertainment media on the
3rd place (16.7 percent). As the main content we find
chatting (55.0 percent) and sharing information (22.5
percent). Gaming is also represented more (6.9
percent).
Table 6 presents the content categories of
streamers motivated by information. If the streamers
are motivated by information, they are eager chat
(44.2 percent) and share information (31.2 percent)
with the viewer. We also find content categories
which are potentially informative to the viewer, for
example the sharing of news (6.8 percent), speaking
about spirituality (6.9 percent), or showing/talking
about animals (7.4 percent).

3.4. Gender-dependent and generationaldependent differences in central motivation
(RQ 3)
Finally, we look at gender-dependent and
generational differences in central motivations.
During the observation, we categorized the streamers
as “female,” “male,” or “group” (when two or more
people were in the stream). The generations were
split into Generation Z, Generation Y, Generation X,
Baby Boomers, and the Silent Generation. Since only
two cases for the Silent Generation was registered if
motivations were stated, they are not included in this
analysis.
Regarding the central motives of the genders and
groups (Table 8), there were no significant
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differences for the self-presentation category. But we
find moderately high differences if social interactions
are concerned. Female streamers are mostly
motivated by social interactions (55.3 percent),
followed by men (44.1 percent), and lastly, by groups
(35.7 percent). Since groups are already in a social
setting, this could explain the relatively small
percentage for the desire to interact with others via a
live stream because of social reasons.
If information as the main motive is concerned,
we find that groups are the most interested in it (38.7
percent), followed by male streamers (31.9 percent)
and lastly female streamers (28.7 percent). Male
streamers are comparatively more interested in
trolling (1.8 percent) than female streamers (1.2
percent) or groups (1.0 percent).
Table 8. Gender-dependent differences in
central motives
Motive
Male
Female
Group
Social Interaction 44.1%
55.3%
35.7%
Self-presentation
39.1%
35.2%
39.4%
Information
31.9%
28.7%
38.7%
Trolling
1.8%
1.2%
1.0%
Male N=2,782; female N=1,766, group=1,082;
sometimes multiple assignments

Looking
at
the
generational-dependent
differences, we can observe some differences (Table
9). Generation Z is highly motivated by social
interactions (61.7 percent) as is Generation Y (45.7
percent). The percentages decline further with
Generation X (31.0 percent) and the Baby Boomers
(6.5 percent). If self-presentation is concerned, we
find that Generation Z is comparatively higher
motivated by it (43.7%) than Generation Y (35.9
percent), Generation X (36.5 percent), and the Baby
Boomers (35.5 percent).
Table 9. Generational-dependent differences
in central motives
Motive
Gen Z
Gen Y Gen X BB
Social Interaction 61.7%
45.7% 31.0% 6.5%
Self-presentation
43.7%
35.9% 36.5% 35.5%
Information
27.2%
29.7% 50.3% 64.5%
Trolling
1.6%
1.9%
0.6%
0%
Gen Z N=1,839; Gen Y N=2,570; Gen X N=493; Baby
Boomers
(BB)
N=31;
sometimes
multiples
assignments

Only 27.2 percent of Generation Z and 29.7
percent by Generation Y are motivated by
information, but 50.3 percent of Generation X and
64.5 percent of the Baby Boomers. Concerning the

trolls on SLSSs, we find the highest percentage with
Generation Y (1.9 percent) and not one instance with
the Baby Boomers.
For the genders we could observe that women and
men are highly motivated by social interactions.
Groups tend to be motivated by information but also
self-presentation. Looking at what motivates different
generations to use SLSSs, we can see a clear shift
with maturing age. While the younger users prefer
social interactions on SLSSs, the older generations
are more interested in information.

4. Conclusion
In order to study and to understand user behavior
on SLSSs, we applied log-file analysis (however, by
referring to Alexa, only indirectly), and systematic
observations of more than 7,600 live online videos on
YouNow, Periscope, and Ustream produced by
streamers from the US, Japan, and Germany.
Concerning the demographics, there are clear
results: about three fifths of the users are male and
correspondingly only two fifths are female. There is
no unique pattern of using SLSSs by generational
cohorts; instead, different services address different
age groups (YouNow mostly Generation Z, Periscope
Generation Y, and Ustream Generation X and older
people).
We often found content categories (chatting and
sharing diverse information; 24/7, slice of life,
nothing, playing entertainment media), which do not
call for cognitive effort, neither of the streamers nor
of the viewers. However, about 10 percent of all
broadcasts show streamers making music. Niche
topics with high amounts of cognitive effort as
politics or STM find their interested viewers and
participants. 3.4 percent of all live streams address
news, which is an indicator for the importance of
SLSSs for sharing breaking news.
(RQ1) The four central motives in the sense of
Uses and Gratification Theory are uneven distributed;
most frequent is social interaction followed by selfpresentation, information, and trolling. Concerning
single motives, the top need is the satisfaction of the
streamers’ boredom.
(RQ2) When considering the interrelation
between the central motives and the content
categories, there are a few considerable differences
between the groups. Chatting and sharing information
were the top content categories for three of the
central motives (social interaction, self-presentation,
information).
Every motivation category has a content category
that was not in the top ten ranking for the other three
motives. For social interaction, we find food related
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content. Here, we often saw people eating in
restaurants, who potentially needed some form of
social interaction when eating alone. If the streamers
wanted to present themselves, the broadcasted sports
related content. If the obtaining or distribution of
information is considered, we find streams with
animal related content, and also people talking about
spirituality. Trolls who want to entertain themselves
do so by using comedy.
“Nothing” as content category was given for all
central motives. Its share was the highest for the
entertainment category (44.2 percent) and lowest for
self-presentation (7.5 percent).
The highest share of streams in the “making
music” content category was given for the streamers
motivated by self-presentation and – to a very high
degree – for those who want to become a microcelebrity [25].
(RQ3) When considering gender-dependent and
generational-dependent differences, a few distinct
differences could be observed. First, female
streamers are more concerned with social interactions
on SLSSs than male streamers or groups. For selfpresentation, we could observe that male streamers
and groups are slightly more interested in it than
female streamers, whereas groups are more interested
in obtaining or sharing information with others than
male or female streamers. For the trolls on SLSSs, we
found males with the highest percentages.
Looking at the generations and their motivations,
we were able to recognize some trends as well.
Younger streamers, precisely, Generation Z, and
Generation Y are interested in social interactions and
self-presentation, with a much higher percentage than
more mature streamers from Generation X and the
Baby Boomers. For the Baby Boomers we only found
6.5 percent of people that want to use SLSSs because
of socially motivated reasons. The older streamers
seem to be more interested in obtaining or sharing
information than the younger streamers. The trolls
were mainly found in the younger user groups,
implying that older streamer are more mature when
their motivations are concerned.

5. Limitations and outlook
This study has limitations. As seen in Table 1,
there are several SLSSs; however, we studied only
three of them. If we could include the Japanese
niconico and the Chinese SLSSs, since there are more
than 200 SLSSs in China [50], it becomes possible to
strengthen
our
understanding
on
cultural
environments of SLSSs. Likewise, we did not
analyze topic-related SLSSs as Picarto or Twitch. As
there are studies on gratification and motivation on

Twitch [15,30,51,52] it would be interesting to
compare the findings of topic-related SLSSs with
those of general SLSSs.
General SLSSs (as YouNow, Periscope and
Ustream) and specialized SLSSs (as Picarto and
Twitch) are synchronous SNSs. There is a vast
amount research on asynchronous SNSs [e.g., 53]
(especially, on Facebook [e.g., 54,55]). What are the
similarities and what the differences of the users’
information behavior on both types of SNSs?
An aspect often discussed in information behavior
research is the information seeking behavior of users,
which we passed over. Unlike in the world of TV, on
SLSSs there are no program guides. However, there
are multiple ways to search for live videos, e.g. by
(however, very broad) hashtags as “#dance,” by
locations on a world map (on Periscope), by entries
on a user’s homepage on an SLSS (if there are fixed
broadcasting times) or by posts of the broadcaster on
Twitter or Instagram, for instance. Besides a short
notice on searching with hashtags on YouNow [20, p.
22], there is no empirical study on information
seeking behavior on SLSSs, which is a serious
research gap.
Social Live Streaming Services are a newly
established form of Social Networking Services and
of Live-TV. In terms of scientific research,
communication research meets social media research
when analyzing live videos on SLSSs.
As all information production, participation as
well as information reception behavior happens in
real-time, SLSSs are an exciting and promising new
research field in TV research as well as in social
media studies.
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